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INTRODUCTION
Ambiguity, which is also known as Knightian uncertainty (Knight, 1921) , refers to the uncertainty in probability distribution of asset prices due to misinterpretation or lack of information. Since Ellsberg's experiment showed the invalidity of the independence axiom of the subjective expected utility (SEU) theory (Ellsberg, 1961) , ambiguity has been a popular topic. Dow and Werlang (1992) and Garlappi et al. (2007) studied the effect of ambiguity on portfolio choice based on the multiple-prior model.
The authors demonstrated that the multiple-prior model performs empirically better than the classic mean and variance approach and the Bayesian approach when the investors are ambiguity-averse. Routledge and Zin (2009) investigated the impact of ambiguity on liquidity and found that investors behave under multiple-prior preferences. Ozsoylev and Werner (2011) also studied the effect of ambiguity on liquidity and they proved that ambiguity can be associated with illiquid financial markets, since market makers chose not to participate in the market when there is lack of information. Ambiguity is also believed to have contributed to the 2008 financial crisis. The empirical study of Boyarchenko (2012) showed that an increase in ambiguity could statistically explain the increase in the credit default swap (CDS) spreads, which led to the 2008 financial crisis. Therefore, both the theoretical and empirical studies seem to suggest that ambiguity is closely related to liquidity of the financial markets.
The concept of the degree of ambiguity and ambiguity aversion is abstract, which can be measured using simulation, but hard to measure by applying real-life data. This inspires us to develop an empirical method using the bid-ask spread to measure the degree of ambiguity with reference to the economic theories in ambiguity.
Another motivation for us to conduct this study is that although ambiguity asset pricing theories are well-established and there are a relatively large number of existing theoretical literature on ambiguity asset pricing, the number of empirical studies remain few. This can be contributed to the difficulties in measuring the degree of ambiguity or ambiguity aversion empirically. Ambiguity utility models include the smooth model, which was developed by Klibanoff et al. (2003) , and the multiplier model, which was originally developed by engineers to do robust control (Hansen & Sargent, 2001 ; Anderson et al., 2003) . The ambiguity utility models can be discrete or dynamic. However, dynamic models are even harder to be applied to real life. The multiple-prior model and the multiplier model are widely used because they are less controversial (Epstein & Schneider, 2010) .
Existing empirical studies are mostly based on the multiple-prior model, but since it does not require the calculation of entropy, which is hard to estimate empirically while necessary to estimate if the multiplier utility model is adopted. Therefore, our empirical study is based on the discrete-time multiple-prior utility model, which makes our empirical work easy to conduct and in the meantime does not require simulations and pre-set values. Viale et al. (2014) used the idea of the multiple-priors utility to construct a learning model under the presence of ambiguity and then investigated the effect of ambiguity on the pricing process of the US cross-section stocks. However, they introduced entropy to measure the distance between the reference prior and the worst-case prior and hence they had to pre-set the confidence level of decision-makers to calculate the entropy. Nevertheless, their results imply that ambiguity is priced and the pricing effect cannot be substituted by other risk or uncertainty factors. Other empirical studies mainly focus on portfolio choice problems. For instance, Dimmock et al. (2016) investigated market participation of households under ambiguity. They found that investors under-diversified their portfolios due to ambiguous information and the 2008 financial crisis could be contributed to ambiguity aversion.
In contrast to the above studies, we developed a new empirical approach to measure the degree of ambiguity using the bid-ask spread. This idea is inspired from the theoretical literature (e.g., Routledge & Zin, 2009; Ozsoylev & Werner, 2011) , which showed the effect of ambiguity on liquidity.
On the other hand, we follow Epstein and Schneider (2010) to establish the relationship between degree of ambiguity and equity premium and to develop an empirical measure of the degree of ambiguity using the bid-ask spread. We eliminated the impact of market makers on the spread according to microstructure theories of financial markets. We implemented the Grossman and Miller (1988) market making model to construct a spread measure of ambiguity that is orthogonalized to the impact of market makers and liquidity traders. Since there was little existing empirical literature on the relationship between ambiguity and stock returns, especially in the UK stock market, we used a VAR model, which enabled us to analyze the interactions between the degree of ambiguity and the UK stock market returns in a system.
We have found that an increase in the degree of ambiguity in the previous two days is associated with an increase in the daily UK stock market returns. Moreover, the degree of ambiguity seems to persist for five days until investors update their prior.
However, the results of the Granger causality test suggest that the degree of ambiguity may not be used as a signal to predict any patterns of the stock market returns in the UK. Since the VAR model is based on linearity, we can conclude is that an increase in ambiguity cannot predict price increase linearly. Hence, predictability could exist when non-linear models are applied. For instance, results of Viale et al. (2014) implied that variation of the degree of ambiguity could predict stock prices using the logistic smooth transition autoregressive (LSTAR) model, which is a non-linear model.
The main contributions of this paperto the ambiguity studies are three-fold. First, we provided a new empirical approach to measure ambiguity and this measure does not require pre-set values, meaning that all the data applied are real-life. Second, we investigated the effect of ambiguity on the UK stock market, which has not been well-studied. Third, we showed empirically that ambiguity has an impact on the UK stock market returns, but it does not cause the returns, which means that ambiguity might not be used to predict the UK stock market returns using linear models. On the other hand, we also provided motivations for future studies to use non-linear models to study the effect of ambiguity or ambiguity-aversion on asset pricing.
The remaining sections are organized as follows. In section 1, we briefly introduce the theories related to the multiple-priors model that we used in our study. In section 2, we provide a description of the data.
Section 3 describes the methods that we used to implement our research, followed by section 4, where the empirical results are presented. In addition to the discussion of the empirical results, we also include a discussion of the results from the robustness analysis in section 5. Finally, we did a short summary and conclusion in final section.
A MULTIPLE-PRIORS
SETTING OF ASSET PRICING
The Ellsberg's experiment
The ambiguity literature is inspired from the Ellsberg's experiment (Ellsberg, 1961 ) and hence we begin the illustration of the multiplepriors utility model with the Ellsberg's experiment. The basic idea is that there are two urns with uncertainty, one of which is known as an ambiguous urn and the other, a risky urn. In the ambiguous urn, which we denote as Urn 1, there are 100 red balls and black balls, which is the only piece of information that is known to a decision-maker. The risky urn, which we denote as Urn 2, is composed of 50 red balls and 50 black balls and thus, the decision-maker has more information about the composition of the urn now. Then the decision-maker is asked to bet on the color that is drawn from either Urn 1 or Urn 2. Therefore, he has four options, which are betting red from Urn 1, betting black from Urn 1, betting red from Urn 2 and betting black from Urn 2. Table 1 summarizes the options that the decision-maker can choose. On the other hand, Table 1 also tells us that there are four possible outcomes, which are drawing a red ball from Urn 1, drawing a black ball from Urn 1, drawing a red ball from Urn 2 and drawing a black ball from Urn 2. We can assign payoffs to these outcomes to construct a table that summarises the decisions, outcomes and corresponding payoffs. The payoffs are assigned in a way that if the decision-maker has a right guess, he will be awarded 100 and he will get nothing if his guess is wrong. Table 2 illustrates the decisions, outcomes and payoffs regarding Urn 1 and Urn 2, respectively. Now suppose that the decision-maker can randomise his choice and hence he can toss a fair coin (50-50 percent chance for head and tail to show up) to decide which color to bet from Urn 1.
Now the ambiguous urn resembles the risky urn in the sense that the randomisation process is equivalent to assigning a probability of 0.5 for the red ball to turn up and a probability of 0.5 for the black ball to turn up. However, under the subjective expected utility (SEU) theory, a decision-maker should be indifferent among two indifferent options and a randomized combination of them, which is what the independence axiom tells. In mathematical terms, if for any two options , ff ′ and
where
and "" ∼ denotes that two options are indifferent.
We can rewrite equation 1 as
However, from the Ellsberg's experiment, we know that
Therefore, the result from the Ellsberg's experiment violates the independence axiom of the SEU model, which inspires the development of ambiguity studies.
Multiple-prior utility model
Gilboa and Schmeidler (1989) developed the multiple-prior model with a utility function:
where C is a set of priors, f stands for an act, u represents a von Neumann-Morgenstern (vMN) utility function (von Neumann & Morgenstern, 1944) , which is also known as subjective expected utility (SEU) function, and p is the prior probability.
The rationale behind the model is that a decision maker assigns a range of probabilities to a possible outcome and adopts the minimal probability or the worst-case scenario, which reflects that he/she is ambiguous-averse. Then the preference on a decision is ranked with respect to the utility of the worst-case scenario and the decision maker maximizes his/her utility and allocates his/her wealth according to the ranking. Thus, the decision process is made up of a minimization and a maximization procedure, and hence this model is also known as MaxMin expected utility.
The multiple-prior model is widely applied. (2014) did an empirical study on the learning process in asset pricing using the multiple-prior model and showed that ambiguity measure was statistically significant in the learning process of asset pricing. The multiple-prior model is frequently used partly, because evidence has been found that it performs better than the classic mean and variance approach and the Bayesian approach empirically when the inves- 
Urn 2 Red Black
Bet red 100 0
Bet black 0 100
Notes: "Red" and "black" in the first row represent the outcomes of a red ball and a black ball, respectively; "bet red" and "bet black" in the first column represent the decision-maker's decisions (also known as acts in economic terms) of betting a red ball and betting a black ball, respectively.
tors are ambiguity-averse (Garlappi et al., 2007) . Therefore, we assume investors are ambiguityaverse and adopt the multiple-prior model in our study.
DATA
To measure the impact of ambiguity on market returns, we collected the daily closing price, bid price, ask price and turnover by volume of the equity traded fund of FTSE100 from Datastream. ETF FTSE100 is traded in pound sterling on the London Stock Exchange, which is a good proxy for the market return of the UK stock market.
The sample period starts from 22 June, 2009 and ends on 1August, 2017. As such, we collected a total of 2.049 observations, which composed a relatively large sample.
METHODOLOGY
The daily closing prices were used to obtain the daily log returns of ETF FTSE100, which were calculated as:
where t r is the daily log return of ETF FTSE100 at time t and t P is the price of ETF FTSE100 at time . t
Ambiguity measure
We then used bid and ask price to get the bid-ask spread, which estimates the degree of ambiguity. The ambiguity measure was constructed with inspiration from the ambiguity theory, especially the multiplepriors preference model (Gilboa & Schmeidler, 1989) . Assume that the investors have a homogeneous reference model on the distribution of the stock market return and hence a homogeneous reference return, , * r the buyers and sellers of the market portfolio have different "worst-case scenarios" and hence use different priors of the stock market return because of ambiguity. Buyers are worried about a price decrease since they take a long position and will incur a loss if the price goes down. As such, their worst case is that the price goes below the reference price when they enter the long position, which makes them require a compensation for that uncertainty due to lack of information. Hence, they will quote a bid price as low as possible to get compensation for ambiguity. In terms of return, they will require the reference return minus an ambiguity term to compensate the possible loss they might face when they enter the long position. Suppose the degree of ambiguity expressed by return is k , then the prior return of the buyers will be .
* rk − Similarly, sellers fear price increase because they are in a short position and will incur a loss if the price goes up. Therefore, their worst case is that the price goes beyond the reference price when they enter the short position. Hence, they will quote an ask price as high as possible to compensate ambiguity due to lack of information.
In terms of return, they will require the reference return plus an ambiguity term, , * rk + to get the compensation for bearing ambiguity. In summary, we have: 
where B and A are bid and ask price, respectively, 1 t P − is the stock market price at time 1. t − If we subtract equation (6) from equation (7), we will get: (8) provides us with a method of measuring degree of ambiguity k and hence we use the following equation as a proxy of degree of ambiguity.
The role of market makers
Having calculated the bid-ask spread using equation (9), we take the role of market makers into account because market makers make profits through the bid-ask spread. Grossman and Miller (1988) developed a market making model, taking transaction costs into consideration, which we adopted as the theoretical base in terms of the role of 
where the stock price is assumed to be normally distributed with mean µ and variance 2 , c σ is the transaction costs per unit of the stock; and A is the degree of risk aversion of the traders, namely both the liquidity traders and the market makers.
Equation (10) provides us with an insight of the mechanism of market making. Liquidity with the presence of transaction costs can therefore be calculated as:
Equation (11) tells us that liquidity, or the role of the market makers in the financial markets can be affected by trading volume m, number of market makers n, degree of risk aversion , A transaction costs c and volatility of the stock price 2 .
σ
The number of the market makers in the financial markets and the degree of risk aversion are difficult to measure empirically. On the other hand, volatility interacts with ambiguity in asset pricing processes, as is illustrated by Epstin and Schneider (2010). This makes us reluctant to remove the impact of volatility on the stock prices, or the spread. As a result, we used turnover by volume to measure the impact of market makers on the spread.
As such, we regressed the spread calculated using the right-hand side of equation (9) on turnover by volume to remove the part of variation in the bidask spread caused by the impact of market makers and then we treated the residuals as a measure of the degree of ambiguity.
Vector Autoregression (VAR) model
To investigate the interactions between the UK stock market return and ambiguity, we applied the VAR model. Since so far there is little empirical work showing the relationship between the UK stock market return and ambiguity, a good way of uncovering the interactions between them is to analyse them as a system. Therefore, we applied the VAR model, which can be expressed as: where t y is a vector of dependent variables and the number of dependent variables determines the number of equations; β are a vector of coefficients of different equations; p is the order of the lags included in the model, which is determined by information criteria; t ε is a vector of error terms.
In our case, we have two dependent variables, the daily log returns t r and the ambiguity measure k and hence we have two equations in the VAR analysis, which are the return equation: 
and the ambiguity measure equation: 
where p and q are the number of lags included in the VAR model, which we selected based on information criteria. Notes: Volume denotes turnover by volume; spread represents , k which is calculated by equation (9); and return is the daily log return of ETF FTSE100. 
Preliminary analysis
The summary statistics of the variables is presented in Table 3 . We can see from the table that spread is positively skewed and the leptokurtic, while the distribution of return seems close to a normal distribution, which has a skewness of zero and a kurtosis of 3. The histogram displayed in Figure 1 provides further evidence. Since spread and return are used as dependent variables, we need to make sure they are approximately normal. As such, we took natural logarithm of spread to transform it to an approximately normally distributed variable.
The transformed spread now has a skewness of 1.29077 and a kurtosis of 7.549364 with mean -6.276782 and standard deviation 0.7277081 and the histogram is shown is Figure 2 , where we can see that the variable is now approximately normally distributed.
We then used the natural logarithm of spread to do the analysis. The time series plots of the variables are presented in Figure 3 . The plots suggest that the series seem stationary.
Preliminary analysis of ambiguity measure
As is mentioned before, bid-ask spread is found to be related to the impact of market makers. To remove this effect, we regressed the natural logarithm of spread on turnover by volume (volume) and the residuals were the ambiguity measure Notes: Spread represents , k which is calculated by equation (9); and return is the daily log return of ETF FTSE100. Notes: spread represents , k which is calculated by equation (9); and ln is the natural logarithm of . k where k is the ambiguity measure, which is calculated by equation (9) and volume is turnover by volume. To ensure the validity of the regression result, we checked for heteroscedasticity and autocorrelation after the regression.
The Breusch-Pagan test showed a p-value of 0.0000, indicating the presence of heteroscedasticity at 1% significance level. On the other hand, the BreuschGrodfrey LM test generated a p-value of 0.0000 for 20 lags, meaning that there is autocorrelation. Therefore, we applied Newey-West standard errors to run the regression. The regression result is shown in Table 4 .
The regression result indicates that volume is not statistically significant at 10% significance level, meaning that the relationship between trading volume and the natural logarithm of the ambiguity in equation (15) is not statistically significant. This is reasonable since ETF FTSE100 is a relatively liquid equity traded fund and the UK stock market is an established stock market. As such, market makers may not contribute to the variation of the bid-ask spread significantly. We then used the ambiguity measure calculated by equation (9) to run the VAR model.
VAR model specification
VAR model requires stationary dependent variables and hence we began the formal analysis with the Augmented Dickey-Fuller test for unit root.
The test results are shown in Table 5 .
The null hypothesis of the augmented DickeyFuller test is non-stationarity and hence, a small p-value indicates stationarity of the series upon rejection of the null. Thus, the test results show that both the natural logarithm of the ambiguity measure and return of ETF FTSE100 seem stationary at 1% significance level. Therefore, the two variables are ready for the VAR model without modification.
On the other hand, it is important to decide the lag number, or the lag order p of the model to implement the VAR analysis. We selected lag order by information criteria and the result is displayed in Table 6 . Notes: Ln ambiguity denotes the natural logarithm of , k and return denotes the daily log return of ETF FTSE100. Notes: FPE is the final prediction error measure; AIC is the Akaike's information criterion; HQIC is the Hannan and Quinn information criterion; and SBIC is the Schwarz's Bayesian information criterion.
The result in Table 6 shows that FPE and AIC criterion yield different results from HQIC and SBIC criterion. Lütkepohl (2006) suggested using FPE and AIC for small sample. HQIC and SBIC seem to work better with large samples. However, if we choose a smaller number of lags, we are running the risk of neglecting effects of other lags. As such, we mainly used the VAR results with both 5 lags while treated the VAR results with 13 lags as a robustness check. Therefore, the return equation of our VAR model is: 
and Ln ambiguity equation is: 
where t ln k is the natural logarithm of the ambiguity measure k at time , t and t r is the daily log return of ETF FTSE100 at time . t
The return equation of the robustness test is: 
where t ln k is the natural logarithm of the ambiguity measure k at time , t and t r is the daily log return of ETF FTSE100 at time . t Table 7 presents the empirical result of the VAR model with 5 lags. From panel A, we can see that the fourth lag of the daily return of ETF FTSE100 is statistically significant at 1% level and the second lag of the ambiguity measure is statistically significant at 10% level in the return equation. The statistically significant coefficient of the second lag of the daily return suggests that a 1% increase in the daily return that happened four days ago would decrease the daily return today by around 5.79% at 1% significance level. On the other hand, the coefficient of the fourth lag of the ambiguity measure suggests that an increase in the degree of ambiguity would increase the stock market return at 10% significance level. This also implies that when the degree of ambiguity increases, investors would require an ambiguity premium, which in turn increases the return. However, the Granger causality test indicates that Ln ambiguity does not Granger-cause the variation in stock market return at 10% significance level. This can be further implied from the orthogonalised impulse response function in Figure 4 , which shows that the response of the daily return of ETF FTSE100 to a 1% change in the ambiguity measure is not statistically significant at 5% level.
EMPIRICAL RESULT
The rejection of the causality relationship between the daily return and the ambiguity measure implies that past values of the ambiguity measure cannot be used to predict the daily returns of the stock market. This suggests that ambiguity measure cannot be used to predict the stock market return linearly. However, this does not mean that the degree of ambiguity cannot predict the volatility of stock returns. For instance, Epstein and Schneider (2010) showed that ambiguity aversion affects the premium of stocks generates excess variation of stock returns. Therefore, even though the degree of ambiguity does not Granger-cause the daily return of the stock market, it seems to affect its premium, which is in line with our empirical results.
Panel B illustrates the regression result of the Ln ambiguity equation. The third lag of stock market return is statistically significant at 5% level and all the lags of Ln ambiguity are 1% significant. This result indicates that an increase in the daily return of the stock market tends to increase the degree of ambiguity of the investors, which in turn implies that investors tend to be confused, or ambiguous about the returns from the previous three days.
On the other hand, past degree of ambiguity tends to persist and the degree of ambiguity can be accumulated at least for a period of five days. The Granger causality test suggests that return does not cause the variation in Ln ambiguity at 10% significance level. This is also consistently visualized from Figure 4 , where we can see that the response of the ambiguity measure to a 1% change in the daily return of ETF FTSE100 is not statistically significant at 5% level. However, it is notice- Notes: Ln ambiguity denotes the natural logarithm of , k and return denotes the daily log return of ETF FTSE100. *** denotes 1% significance level; ** denotes 5% significance level; and * denotes 1% significance level.
able that in Panel B, the p-value of the Granger causality test is 0.110, which is close to the 10% significance level. This implies that past daily returns of the stock market might predict the degree of ambiguity to a very weak degree.
Overall, the VAR result with 5 lags seems to suggest that the effect of ambiguity on stock market return exists but there is no/weak Granger causality relationship between the daily return of the ETF FTSE100 and the ambiguity measure.
ROBUSTNESS TEST
The VAR results with 13 lags in Table 8 represent robustness checks to our empirical results. In the return equation, the second lag is again statistically significant but at 5% level instead of 10% level this time, as is shown in panel A. The result of Granger causality test still suggests that Ln ambiguity does not Granger cause stock market return, which is consistently shown in the orthogonalized impulse-response function in Figure 5 .
In the Ln ambiguity equation, the third, eighth, ninth and thirteenth lags are statistically significant at 10% level, as is shown in Panel B. The fourth lag is statistically significant at 5% level and the eleventh lag is statistically significant at 1% level. The Granger causality test indicates that the stock market return causes Ln ambiguity at 1% significance level.
We notice that the degree of ambiguity influences the daily return of the UK stock market when wecompare the results of VAR with 5 lags and VAR with 13 lags. Moreover, the result of the VAR model with 13 lags suggests that changes in stock market return can Granger-cause variation in the ambiguity measure. Such Granger causality is statistically weak in the 5 lags case. When return decreases and hence price goes down, the degree of ambiguity will increase, and when price goes up, the degree of ambiguity tends to decrease. This seems to resemble the prospect theory in behavioural finance, which says that investors are lossadverse, except that here we assume investors are ambiguity-averse.
In addition, the VAR result with 13 lags consistently indicates that past values of the ambiguity measure seem to persist and the degree of ambiguity can be accumulated for a period of five days at 1% significance level. 
